For survival and development, autonomous agents in complex adaptive systems involving the human society must compete against or collaborate with others for sharing limited resources or wealth, by using different methods. One method is to invest, in order to obtain payoffs with risk. It is a common belief that investments with a positive risk-return relationship (namely, high risk high return and vice versa) are dominant over those with a negative risk-return relationship (i.e., high risk low return and vice versa) in the human society; the belief has a notable impact on daily investing activities of investors. Here we investigate the risk-return relationship in a model complex adaptive system, in order to study the effect of both market efficiency and closeness that exist in the human society and play an important role in helping to establish traditional finance/economics theories. We conduct a series of computer-aided human experiments, and also perform agent-based simulations and theoretical analysis to confirm the experimental observations and reveal the underlying mechanism. We report that investments with a negative risk-return relationship have dominance over those with a positive risk-return relationship instead in such a complex adaptive systems. We formulate the dynamical process for the system's evolution, which helps to discover the different role of identical and heterogeneous preferences. This work might be valuable not only to complexity science, but also to finance and economics, to management and social science, and to physics.
Introduction
One can see most of the social, ecological, and biological systems that contain a large number of interacting autonomous agents as complex adaptive systems (CASs), because the agents have adaptive capacities to the changing environment [1] . CAS dynamics have attracted much attention among physical scientists [2] [3] [4] [5] [6] . For survival and development, such agents in various kinds of CASs involving the human society must compete against or collaborate with each other for sharing limited resources or wealth, by utilizing different methods. One method is to invest, in order to obtain payoffs with risk. Accordingly, understanding the riskreturn relationship (RRR) has not only an academic value but also a practical importance. So far this relationship has a two-fold character. On one hand, one considers investments as high risk high return and vice versa; the RRR is positive (risk-return tradeoff) [7, 8] . This is also an outcome of the traditional financial theory under the efficient market hypothesis. On the other hand, one also finds that some investments are high risk low return and vice versa; the RRR is negative (Bowman's paradox) [9, 10] . However, almost all investment products take ''high risk high return'' as a bright spot to attract investors, and neglect the possible existence of ''high risk low return''. This actually results from a received belief that investments with a positive RRR are dominant over those with a negative RRR in the human society; the belief directs investors to operate daily investing activities including gambling [11] . Here we investigate the RRR by designing and investigating a model CAS which includes the following two crucial factors:
-Market efficiency. The present system exhibits market efficiency at which it reaches a statistical equilibrium [5, 6] . We shall address more relevant details at the end of the next section. -Closeness. The system involves two conservations: one is the conservation of the population of investors (Conservation I), the other is the conservation of wealth (Conservation II).
Regarding Conservation I/II, it means that we fix the total number/amount of the subjects/wealth in the system.
Clearly the two factors have real traces in the human society. Accordingly they have played an important role in helping to establish traditional finance/economics theories. The present designing system just allows us to investigate the joint effect of the two factors on the RRR.
Results

Human Experiment
On the basis of the CAS, we conduct a series of computer-aided human experiments. (These experiments are essentially online games, thus ethics approval was not necessary. In the mean time, we obtained verbal consent from all the subjects.) Details: there are two virtual rooms, Room 1 and Room 2 (represented by two buttons on the computer screen of the subjects), for subjects to invest in. The two rooms have volumes, M 1 and M 2 , which may represent the arbitrage space for a certain investment in the real world. In the experiments, we recruited 24 students from Fudan University as subjects. The subjects acted as fund managers, who were responsible for implementing a fund's investing strategy and managing its trading activities. We told the subjects the requirement of total 30 rounds for each M 1 =M 2 , and offered every subject 1000 points (the amount of virtual money constructs the fund managed by the subject) as his/her initial wealth for each M 1 =M 2 . In an attempt to make the subjects maximize their pursuit of self-interest, we promised to pay the subjects Chinese Yuan according to the fixed exchange rate, 100:1 (namely, one hundred points equal to one Chinese Yuan), at the end of the experiments, to offer every subject 30 Chinese Yuan as a bonus of attendance, and to give extra 50 Chinese Yuan to the subject who gets the highest score for one M 1 =M 2 . At the beginning of the 1st round of each M 1 =M 2 , we told the 24 subjects the actual ratio of M 1 =M 2 , and asked each subject to decide his/her investing weight [signed as x(i) for Subject i]. Note the investing weight, x(i), is the percentage of his/her investing wealth (investment capital) with respect to his/her total wealth, and it will keep fixed within the 30 rounds for a certain M 1 =M 2 . At every round, each subject can only independently invest in one of the two rooms. After all the subjects made their own decisions, with the help of the computer program, we immediately knew the total investments in each room (signed as W 1 and W 2 for Room 1 and Room 2, respectively) at this round. While keeping the total wealth conserved, we redistributed the total investment W 1 zW 2 according to the following two rules:
(1) We divided the total investment, W 1 zW 2 , by the ratio of
as the payoff for Room 1 and Room 2, respectively.
(2) We redistributed the payoff of Room k (k~1or2) by the investment of the subjects. Namely, for each round, the payoff for Subject i choosing Room k to invest in, w payoff (i), is determined by
where w in (i) is the investing wealth of Subject i, w in (i)~x(i)w(i). Here w(i) is the total wealth possessed by Subject i at the end of the previous round.
Before the experiments, we told the subjects the above two rules for wealth re-allocation. After each round, every subject knows his/her payoff, w payoff (i). If there is w payoff (i)ww in (i), that is, Subject i gets more than the amount he/she has invested, we consider Subject i as a winner at this round. Equivalently, if
, the subjects choosing Room 1 to invest in win at this round. Clearly, when
, every subject obtains the payoff which equals to his/her investing wealth. Namely, the arbitrage opportunity has been used up. Accordingly, we define the Figure 1 . Averaged ratio, SW 1 =W 2 T, versus M 1 =M 2 for the human experiments with 24 subjects (red squares) and agentbased computer simulations with 1000 agents (blue dots). Here ''S Á Á Á T'' denotes the average over the total 30 experimental rounds (experimental data of W 1 =W 2 for each round are shown in Table 1 ) or over the 800 simulation rounds (the additional 200 rounds were performed at the beginning of the simulation for each M1/M2; during the 200 rounds, we train all of the strategies by scoring them whereas the wealth of each agent remains unchanged). All the experimental and simulation points lie in or beside the diagonal line (''slope = 1''), which is indicative of SW 1 =W 2 T&M 1 =M 2 . Parameters for the simulations: S~4 and P~16. doi:10.1371/journal.pone.0033588.g001 Table 1 . [12] . This state may have some practical significance because global arbitrage opportunities for investing in the human society always tend to shrink or even disappear once known and used by more and more investors. As shown in Figure 1 (as well as Table 1 ), our experimental system can indeed achieve SW 1 =W 2 T&M 1 =M 2 at which the system automatically produces the balanced allocation of investing wealth; this system thus reaches a statistical equilibrium. In other words, the ''Invisible Hand'' plays a full role [6] , or alternatively the system exhibits market efficiency. That is, all subjects are pursuing self-interest and we run the present system under three conditions: with sufficient information (namely, the wealth change for each round has reflected the possible information), with free competition (i.e., no subjects dominate the system and there are zero transaction costs), and without externalities (the wealth change of a subject has reflected the influence of his/her behavior on the others).
If a subject (namely, a fund manager) chooses a larger investing weight, he/she will invest more virtual money in a room. According to the rules of our experiment, the room he/she chooses will then be more likely to be the losing one. Besides, the initial wealth is the same for every subject and he/she knows nothing but himself/herself. From this point of view, the larger investing weight he/she chooses, the higher risk (or uncertainty) he/she will take for the fund (i.e., the initial 1000 points). Therefore, throughout this work, we simply set the investing weight, x(i), to equal the risk he/she is willing to take. Here we should remark that the present definition of risk appears to be different from that in finance theory. For the latter, one often defines risk according to variance. Nevertheless, the two kinds of risk are essentially the same because they both describe the uncertainty of funds and have a positive association with each other. On the other hand, we should mention that the risk we define for each subject does not change with the evolution of the time. This is a simplification which makes it possible to discuss the pure effect of a fixed value of ''risk''. Nevertheless, if we choose to is Agent i's wealth at the end of T rounds (the total number of rounds, T, is T~30and800 for the experiments and simulations, respectively), and w 0 (i) is Agent i's initial wealth. All of the subjects or agents are divided into two groups with preferencev1 (red squares) and preference = 1 (blue dots). Here, the ''preference'' is given by C 1 =T, where C 1 is the number of times for subjects or agents to choose Room 1 within the total T rounds. The values or distribution of the preferences of the subjects or agents can be found in Figs. 4 and 5 . Here, ''Linear Fit'' denotes the line fitting the data in each panel using the least square method, which serves as a guide for the eye. (The fitting functions are listed in Table 2 .) All of the lines are downward, which indicate a statistically negative relationship between risk and return. The present negative relationship just reflects the dominance of investments with a negative RRR in the whole system, in spite of a relatively small number of investments with a positive RRR. Other parameters: (g)-(l) S~4 and P~16. doi:10.1371/journal.pone.0033588.g002 let the ''risk'' change with the time, for the same purpose, we may take an average of the ''risk'' over the full range of time. Figure 2 (a)-(f) displays the risk-return relationship for the investments in the designing CAS. From statistical point of view, we find that investments with a negative RRR are dominant over those with a positive RRR in the whole system.
An Agent-Based Model
Clearly the human experiments have some unavoidable limitations: specific time, specific avenue (a computer room of Fudan University), specific subjects (students from Fudan University), and the limited number of subjects. Now we are obliged to extend the experimental results [ Figure 2 (a)-(f)] beyond such limitations. For this purpose, we resort to an agent-based model [12] [13] [14] . Similar to the above experiments, we set two virtual rooms, Room 1 and Room 2 (with volume M 1 and M 2 , respectively), for N agents (fund managers) to invest in. Then, for each M 1 =M 2 , assign every agent 1000 points as his/her initial wealth and an investing weight, x(i), which is randomly picked up between 0 and 1 with a step size of 0.001. In order to avoid the crowding or overlapping of strategies of different agents [15] [16] [17] , we design the decision-making process for each agent with four steps.
-Step 1: set a positive integer, P, to represent the various situations for investing [5, 6 ]. -Step 2: assign each agent S strategies according to S integers between 0 and P, respectively. For example, if one of the S integers is L, then the corresponding strategy of the agent is given by the ratio L=P (0ƒL=Pƒ1), which represents the probability for the agent to choose Room 1 to invest in [5] . Table 2 . Linear fitting functions for Figure 2 . -Step 3: for an agent, each strategy has its own score with an initial score, 0, and is added one score (or zero score) if the strategy predicts (or does not predict) the winning room correctly after each round.
-Step 4: every agent chooses either Room 1 or Room 2 to invest in according to the prediction made by the strategy with the highest score. Table 4 for details. Similarly, in (g)-(l), the 1000 agents are ranked by their risk from low to high, within the range (0, 1] assigned according to the code ''(double)rand()%1001=1000'' in the C programming language. In Table 3 . Linear fitting functions for Figure 3 . In addition, both the payoff function and the rules for redistributing investing wealth in Room 1 and Room 2 are set to be the same as those already mentioned in the section of Human Experiments.
Comparison between Experimental and Simulation Results
As shown by Figure 1 , our agent-based computer simulations also give SW 1 =W 2 T&M 1 =M 2 , that is, the system under simulation also exhibits market efficiency. Further, according to the simulations, we achieve the same qualitative conclusion: investments with a negative RRR are statistically dominant over those with a positive RRR in the whole system; see Figure 2(g)-(l) . Nevertheless, when we scrutinize Figure 2(j)-(l) , we find that some particular data seem to be located on a smooth upward line. Then we plot these data in blue, and further find that they are just corresponding to all the agents with ''preference = 1''. Encouraging by this finding, we blue all the data of ''preference = 1'' in the other 9 panels of Figure 2 , and observe that a similar upward line also appears in the experimental results [see the blue dots in Figure 2(a)-(f) ; note the blue dots in Figure 2 (c) and (e) are also, on average, in an upward line even though they appear to be not so evident].
For the upward lines themselves, they are clearly indicative of investments with a positive RRR. Hence, to distinctly understand our main conclusion about the dominance of investments with a negative RRR in the whole system, we have to overcome the puzzle, namely, the strange appearance of these upward lines (constructed by the blue dots in Figure 2 ). For convenience, we just need to answer Question 1: why do all the ''preference = 1'' data dots of Figure 2 (g)-(l) exist in an upward line? To this end, the process to find the answer to Question 1 will also help to reveal the mechanism underlying the above main conclusion.
Comparison among Experimental, Simulation, and Theoretical Results
To answer Question 1, alternatively we attempt to study the relationship between risk and wealth; see Figure 3 . In Figure 3 , the ''preference = 1'' data dots appear to be arranged in an upward straight line, and the straight line exactly corresponds to the upward line constructed by the blue dots in Figure 2 (g)-(l) due to the relationship between the wealth and return. So, Question 1 equivalently becomes Question 2: why do all the ''preference = 1'' data dots of Figure 3 exist in an upward straight line? To answer it, we start by considering Agent i with investment weight, x(i). Then his/her return and wealth after t rounds are, respectively, r t 0 (i) and w t (i). Here, the subscript te½0,T. (Note T stands for the total number of simulation rounds, T~800.) Clearly, when t~0, w t (i)~w 0 (i), which just denotes the initial wealth of Agent i. Then, we obtain the expression for r t 0 (i)~½w t (i){w t{1 (i)= ½w t{1 (i)x(i). Accordingly, we have w 1 (i)~w 0 (i)½1zr 1 0 (i) x(i) and w 2 (i)~w 1 
As a result, we obtain We ranked the 24 subjects by their risk from low to high, as already used in Figure 4 w T (i) w 0 (i) and x(i) should be linear; the sign of the slope of the straight lines is only dependent on the average return, Sr T 0 (i)T. Because the agents with preference = 1 always enter Room 1 with M 1 (wM 2 ), the average return, Sr T 0 (i)T, for them is not only positive but also the same. This is why all the blue points in Figure 3 lie on an upward straight line. However, for the other agents with preferencev1 (Figure 3 ), they will change rooms from time to time, so their average return, Sr T 0 (i)T, is different from one another. This is the reason why the red points do not form a straight line as the blue points do. From this point of view, the downward straight line we draw for the red points in Figure 3 is just a statistical analysis, showing a trend. They do not actually form a straight line. So far, our answer to Question 2 can simply be ''because for the small number of agents with preference = 1, their average return, Sr T 0 (i)T, is not only positive but also the same''. According to the above theoretical analysis, we can now understand that the statistical dominance of investments with a negative RRR in the whole system results from the distribution of subjects'/agents' preferences: the heterogeneous preferences(v1) owned by a large number of subjects/agents together with the identical preferences(~1) possessed by a small number of subjects/agents. Details about the actual values for the preferences can be found in Figs. 4-5. Figs. 4 -5 also show the environmental adaptability of subjects or agents.
Discussion
On the basis of the designed CAS (complex adaptive system), we have revisited the relationship between risk and return under the influence of market efficiency and closeness by conducting human experiments, agent-based simulations, and theoretical analysis. We have reported that investments with a negative RRR (risk-return relationship) have dominance over those with a positive RRR in this CAS. We have also revealed the underlying mechanism related to the distribution of preferences. Our results obtained for the overall system do not depend on the evolutionary time, T, as long as T is large enough. On the other hand, the experimental data for each T have been listed in Table 1 . Clearly, the results for each T can change accordingly. In fact, such changes echo with This work should be valuable not only to complexity science, but also to finance and economics, to management and social science, and to physics. In finance and economics, it may remind investors about their daily investing activities. In management and social science, our work is of value on clarifying the relationship between risk and return under some conditions. In physics, the present work reveals a new macroscopic equilibrium state in such a CAS.
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